The study of the microbial community-the microbiome-associated with a human host is a maturing research field. It is increasingly clear that the composition of the human's microbiome is associated with various diseases such as gastrointestinal diseases, liver diseases and metabolic diseases. Using high-throughput technologies such as next-generation sequencing and mass spectrometry-based metabolomics, we are able to comprehensively sequence the microbiome-the metagenome-and associate these data with the genomic, epigenomics, transcriptomic and metabolic profile of the host. Our review summarises the application of integrating host omics with microbiome as well as the analytical methods and related tools applied in these studies. In addition, potential future directions are discussed.
Introduction
The microbiota is a complex community of bacteria, viruses, fungi and protozoa that inhabits the host body (e.g. mucosal surface of the gut and skin) (Gilbert et al. 2018 ). According to a recent report, it is estimated that there are thousands of bacterial species, and each strain has thousands of genes (Gilbert et al. 2018 ). Thus, a microbiome carries an estimated 150-fold more genes than the human genome. The collective genome of the microbiome, termed as metagenome, is also referred to as the second genome of the human body (Turnbaugh et al. 2007) .
Studies have investigated microbiome composition in various mucosal and skin environments, among which the most studied one is the gut microbiome (Fig. 1) . It is increasingly recognised that the microbiome influences the host health state and disease progression ranging from gastrointestinal diseases such as inflammatory bowel disease (IBD) and colorectal cancer to diseases related to other systems such as liver diseases, psychological disorders, metabolic diseases, autoimmune diseases, and infectious diseases (Cho and Blaser 2012) . In addition, recent epidemiological studies showed the potential role of gut microbiota in determining the effectiveness of immunotherapies in cancer treatment (Kroemer and Zitvogel 2018) .
Understanding the factors that influence the composition of microbiome will help us decipher the biological mechanisms of the microbial modification to disease progression and elucidate the nature of host-microbe interactions, which may ultimately lead to novel therapies. Several population-based cross-sectional studies have identified external and intrinsic influences such as diet, environment, medication and host immune and metabolic status that in total can merely account for 10-20% of microbial diversity (Zhernakova et al. 2016; Kurilshikov et al. 2017) . The vast majority of microbial diversity between individuals is unexplained. Hence, recent studies started to focus on the interactions between the host genome, transcriptome, epigenome and metabolome, and the microbiome.
The Integrative Human Microbiome Project (iHMP) reported three longitudinal studies of genomic, epigenomic, transcriptomic and metabolomic data sets for host and microbes (iHMP Research Network Consortium 2014). However, mere collection of such large data sets is not enough because system biology, personalised medicine and different computational analysis methods need to be adopted for multiomics data integration between host and microbiome. In this review, we summarise the application of different omic data sets in microbiota research, and also critically evaluate the analytical methods used in current studies. In addition, suggestions will also be offered for future host-microbiome multiomics studies.
Omics data and their application to host-microbe studies

Metagenomics
Metagenomics studies the collective genome from all the microbial species in a given sample. Since the establishment of the Human Microbiome Project in 2008, next-generation sequencing approaches enable the comprehensive analysis of all microbes without the need of cultivation (Turnbaugh et al. 2007 ). The most widely applied methods are 16S ribosome RNA (rRNA) gene sequencing (16Sseq) and shotgun metagenomics sequencing (MGS). 16Sseq uses marker genes such as 16S rRNA, which is a conserved region with hypervariable sequence to distinguish between different species and to estimate the composition of microbial taxa (Barko et al. 2018 ). More precise and also more expensive than 16Sseq, MGS is the untargeted sequencing of the whole genome in all the microorganisms in the sample.
For 16Sseq, the sequences are then clustered into operational taxonomic units (OTU) based on similarity and annotated at the taxonomic levels (phylum, class, order, family, genus and species) based on a representative sequence within each OTU (Nguyen et al. 2016) . For MGS, the sequences are binned to taxonomic assignment directly based on the reference database such as BLAST and SEED (Breitwieser et al. 2017) . Then the relative abundance can be calculated as the proportion of sequencing reads of a specific taxon to overall number of reads (Hua et al. 2015) . Apart from relative abundance of taxa, microbiome diversity can also be characterised by alpha diversity which measures species richness (number of species) and evenness (distribution of species) within a community or beta diversity which represents differences in microbial composition among communities (Lozupone and Knight 2008) . Based on whether the diversity measures are qualitative or quantitative, alpha diversity can be calculated using Shannon diversity, Chao index and Simpson index. Beta diversity can be calculated using Bray-Curtis dissimilarity, weighted UniFrac distance and unweighted UniFrac distance (Lozupone and Knight 2008) . Overall, beta diversity indices External factors such as diet and medication internal factor such as host genome can influence the microbial composition. The alterations in the microbiome later affect the metabolites that they generate, some of which are essential elements for epigenetic regulation such as DNA methylation and histone modification. Changes in the epigenome will subsequently lead to altered gene expression and modified functions. The lumen environment where the microbiome inhabits may also change correspondingly. Overall, this figure emphasises the necessity to integrate multiple omics data in microbiome studies are less vulnerable to temporal changes and reflect a more complete structure of the microbial community. Hence, they are more widely used in microbiome studies (Abdul-Aziz et al. 2016) .
Host genomics
The host genome is the complete set of DNA of the human host in which a microbial sample is taken from. A genome comprises nucleic acid sequences from cell nuclei and mitochondria, and includes protein-coding and noncoding DNA (1000 Genomes Project 2012). Recent studies have highlighted the influence of host genetics (mainly coding sequence) on the inhabited microbial composition, relating to complex diseases, immune system, dietary response and metabolism. For instance, significant heritability of both overall microbial composition and individual bacteria was confirmed in a large TwinsUK cohort (Goodrich et al. 2016) .
Genome-wide association study (GWAS) is the study of association between millions of single nucleotide polymorphisms (SNPs) and diseases or traits of interest using microarray or chip-based approaches. Microbiome genome-wide association study (mGWAS), which is the combination of host genetic information (genotyping or whole-genome sequencing) with microbiome data (16S rRNA or metagenome sequencing), is an emerging field (Hall et al. 2017 ). In the GWAS setting, similar to expression quantitative trait loci, the microbial abundance-associated genetic variants are termed as microbiota quantitative trait loci (microbiotaQTLs or mbQTL) (Imhann et al. 2018) . In one of the first mGWAS, genetic variants in the nucleotide-binding oligomerization domain-containing protein 2 gene (NOD2) were significantly associated with the abundance of Enterobacteriaceae in IBD (Knights et al. 2014 ). Gene-diet-microbiome interaction was also reported with the association between the lactase gene (LCT) and Bifidobacterium abundance in three independent Dutch cohorts ). Moreover, a study from two German cohorts indicated that the variants at VDR gene which encodes the vitamin D receptor influence bacterial taxa and thus the bile acid metabolism (Wang et al. 2016) . Apart from human studies, the gut microbiota was also found to differ between diverse inbred strains of mice with multiple genetic backgrounds (Org et al. 2015) .
Taken together, it is strongly supported that the host genetics plays an important role in defining the microbiome composition. Thus, improving our understanding of this interaction will help us unravel the pathogenesis of disease and solve the causality of the host-microbe interaction.
Host epigenomics
Epigenomics refers to heritable and adaptive regulation of gene expression without a change in DNA sequence (Rakyan et al. 2011) . The most studied epigenomic modification is DNA methylation, which happens at the 5′ cytosine of the cytosine-guanine dinucleotides (CpG sites) and is catalysed by DNA methyltransferase (DNMT) (Moore et al. 2013) . DNA methylation is involved in gene expression regulation by inhibiting transcription factor binding (Moore et al. 2013 ). There are two main DNA methylation profiling technologies: sequencing-based techniques such as the wholegenome bisulfite sequencing (WGBS) and reduced representation bisulphite sequencing (RRBS); and array-based techniques such as the HumanMethylation450 Beadchip (450K). The genome-wide methylation level can be measured by its beta value which is a continuous variable ranging from 0 to 1 and represents the ratio of intensities between methylated reads and the overall number of reads.
Due to the fact that epigenome can be altered by external factors, many studies have shown the potential role of microbiota for epigenomic change. The host microbiota influences DNA methylation by altering the enzymes' activity and by affecting the substrate level needed for the biological reaction (Qin and Wade 2018) . Thus, the epigenome may act as a mediator to link external environmental exposures and internal microbial changes to disease-related genetic and expression alterations (Kellermayer 2017) .
Host transcriptomics
The host transcriptome consists of all the RNA transcripts that are transcribed from the host genome. The two common techniques for transcriptomic profiling are microarrays and RNA sequencing (RNA-seq) (Lowe et al. 2017) . Integrative transcriptome-metagenome analysis is a burgeoning research field and has a significant potential to elucidate the molecular mechanism and the impact of microbial variation on gene expression, which can act as a functional validation of genemicrobe associations (Zhao and Johnson 2018) .
One recent study demonstrated a framework to combine the host transcriptome and microbial sequencing data for the study of IBD aetiology (Morgan et al. 2015) . It is found that inflammation-related host transcripts are inversely associated with the abundance of Akkermansia and Bifidobacteria which are beneficial and anti-inflammatory microbes. Positive association was observed between oral commensal bacteria such as Megasphaera and Veillonella and cancer-related ERK/ MAPK, PI3K/AKT pathways in lung cancer patients (Tsay et al. 2018) . Host immune response to opportunistic infections in asthmatic children was also reflected by differential gene expression and high Moraxella catarrhalis abundance in the disease group (Castro-Nallar et al. 2015) . Hence, the microbiome and transcriptome studies confirm the functional modification role of microbes and also point out the necessity of including host transcriptome datasets for the study of hostmicrobe interaction.
Host metabolomics
The metabolome is the unbiased measurement of all the existing metabolites in a complex biological system using analytical platforms such as gas chromatography-mass spectrometry (GC-MS), liquid chromatography-mass spectrometry (LC-MS) and 1 H Nuclear Magnetic Resonance (NMR) spectroscopy (Tian et al. 2018) . The sample type varies from tissue, urine, serum to faeces depending on the aim of the study. After chromatographic peak alignment together with retention time score matching, the metabolite abundance in each sample can be quantified (Nugent et al. 2014) .
As the final physiological response to internal or external changes, the host metabolome has been extensively studied in the crosstalk with microbiome in human and animal models. For instance, insulin resistance can be impacted by gut microbiome Prevotella copri and Bacteroides vulgatus, which increased the branched-chain amino acids (BCAA) concentration (Pedersen et al. 2016) . Strong association between microbial genera Bacteroides intestinalis and Ruminococcus with free fatty acids and glycerol in the stool was revealed in colorectal cancer patients (Weir et al. 2013) . In animal models, the Streptococcaceae and Desulfovibrionaceae families showed strong positive correlations with the level of fasting glucose in plasma in mice fed with high-fat and high-sucrose diet (Kreznar et al. 2017) . Reduced secondary bile acid and increased Ruminococcus were shown in a longitudinal cohort of infants with genetic predisposition to type 1 diabetes (T1D) (Kostic et al. 2015) . Thus, the functional influence of the microbiome on metabolic pathways offers possible explanation for the significant association between microbiome composition and disease.
Analytical methodologies
Integrating the metagenome and host genome
Prior to the integration of the metagenome and host genome, the first step is to perform a heritability analysis on the metagenomic data. Heritability is the proportion of the total phenotypic variation that can be explained by genetic variation among individuals in a population (Ge et al. 2017) . This is necessary to ensure that taxa are heritable and reduce the number of microbial traits for further analysis. The heritability of the microbial taxa can be estimated by the classic ACE model, which partitions the variance components into genetic variance (A), common environmental variance (C) and unique environmental variance (E) (Goodrich et al. 2014) . The heritability is defined as the ratio of genetic variance to the total variance. The intraclass correlation coefficients (ICCs) can also be compared between monozygotic (MZ) and dizygotic (DZ) twins groups to quantify the genetic impact on gut microbiome (Goodrich et al. 2014; Xie et al. 2016) . The heritability analysis has been implemented in different software (Table 1) .
Following the heritability analysis, the host gene-microbe association can be tested at both candidate gene and genomewide level. The candidate gene strategies include testing gene variants, which are related with known diseases, bacterial interaction and/or possible mechanism such as immune regulation. For instance, in one study, the tests were limited to 163 IBD risk-associated SNPs (Turpin et al. 2016) . Though relatively straightforward, such a method fails to take advantage of the unbiased genome-wide nature of the data, and might neglect other potentially relevant genes . Another targeted approach is to focus on functional genic regions, neglecting the effect of other intergenic regions, some of which also have regulatory effect of genes nearby. In one study, 33,814 protein-coding SNPs were selected after annotation using ANNOVAR (Igartua et al. 2017) . Similar to other genome-wide scaled studies, common SNPs with minor allele frequency (MAF) larger than 1% or 5% were used for the analysis.
For the genome-wide approach, dimensionality reduction is performed to reduce the number of tests performed when studying the association between host genome (i.e. SNPs or kinship coefficients to measure genetic similarity) and the microbial traits (i.e. relative abundance, alpha diversity or beta diversity) (Igartua et al. 2017) . Although it mitigates the burden of multiple testing, researchers are unable to pinpoint the impact of host genetics on specific microbes. Dimensionality reduction methods such as principal component analysis (PCA) and principal co-ordinate analysis (PCoA) (which is also known as multi-dimensional scaling, MDS) were used in several studies (Table 1 , Fig. 2a ) (Igartua et al. 2017 ). Both PCA and PCoA capture the variance within a highdimensional data set with a linear combination of uncorrelated variables using singular value decomposition (SVD) (Jolliffe and Cadima 2016) . However, PCoA, which is a SVD on the distance matrix, is more frequently used in microbiome data (Meng et al. 2016) . As a common issue in dimensionality reduction, the biological interpretation of the results can be difficult. Some computational feature selection methods have also been applied in some studies to reduce the number of variables in subsequent analyses. A pipeline named HOMINID has been developed to detect host genetic variation that is correlated with microbial composition based on a penalised Lasso regression model (Table 1) .
Next, the association between host genome and microbiome composition can be tested by simple correlation-based analyses such as Spearman's correlation and Pearson correlation for SNP-OTU pairs, PCs-OTU pairs or SNP-diversity pairs (Table 1, Fig. 2b ) Igartua et al. 2017 ). In addition, the generalised linear mixed model (GLMM), which is the standard method for conducting GWAS, can be used to identify significant association between host genetic variations and microbial traits, using commonly used analytical tools such as PLINK (Table 1) (Purcell et al. 2007; Blekhman et al. 2015; Davenport et al. 2015; Goodrich et al. 2016; Wang et al. 2016; Igartua et al. 2017) . The benefit of GLMM is that it can take into account not only the relatedness between individuals, but also other nongenetic confounders. The diversity matrix, PCs and/or the normalised OTU counts (relative taxa abundance), SNP abundance or genetic risk alleles can be used as dependent or independent variables in the model (Fig. 2c) . Apart from the commonly used GLMM and removing all the zero counts, various improvements have also been made to the model to deal with zero counts in low-level taxon. The summary of the tools that can be applied is shown in Table 1 . GLMM was applied with a negative binomial distribution to better characterise the right-skewed distribution of the zero-inflated metagenomic data (Wang et al. 2016) . Additionally, mixed two-part log-normal and logistic model was applied in some studies. When the percentage of zero counts in one bacterial taxon is more than 15% among the samples, a logistic model was used (Knights et al. 2014; Turpin et al. 2016) . In the logistic model, the rare taxa were counted as binary traits (present/absent). When the zero count percentage is lower than 5%, the GLMM is used. When the zero proportion falls between 5% and 15%, the model will be selected using quasilikelihood statistics (QIC) (Pan 2001) . To adjust for the skewness and kurtosis of score statistics, a tool called microbiomeGWAS was designed to find association between microbiome beta diversity and host genetic variants (Hua et al. 2015; Goodrich et al. 2016) . MicrobiomeGWAS is computationally efficient and generates results with high confidence (Hua et al. 2015) . A more sophisticated model called factored spectrally transformed linear mixed model (Fast-LMM) has been proposed for GWAS and also has been applied in mGWAS (Org et al. 2015; Rothschild et al. 2018 ). This method conducts a single spectral decomposition for all SNPs, leading to reduced run time and memory footprint (Lippert et al. 2011) . Apart from linear regression methods, a software tool named MiRKAT based on kernel-based association test was also performed in one study. Though relatively computationally inefficient, MiRKAT is able to decipher the complex relationship between microbial diversity and host SNPs on genome-wide scale (Zhao et al. 2015; Abdul-Aziz et al. 2016 ).
Integrating the metagenome and host epigenome
Due to the lack of omics level integration studies in this category, the methods are limited to unsupervised clustering analysis based on correlation matrix between predefined groups. For instance, Pearson's correlation analysis was performed between age-associated differentially methylated regions (DMRs) and age-associated microbial genera during postnatal paediatric development in human (Harris et al. 2016) . In a pilot study, unsupervised hierarchical clustering analysis of DNA methylation profile was conducted between two groups with different dominant microbial taxa (Kumar Kernal association test MiRKAT (Zhao et al. 2015) Network-based approach Transkingdom network TransNetDemo (Rodrigues et al. 2018) WGCNA VEGAN,WGCNA (Langfelder and Horvath 2008) GEM igraph (Csardi and Nepusz), GeneNet (Schaefer et al. 2015) , MIMOSA (Noecker et al. 2016) , ModelSEED (Devoid et al. 2013) a PCA principle component analysis, PCoA principle co-ordinate analysis, FA factor analysis, CCA canonical correlation analysis, CIA co-inertia analysis, PA procrustes analysis, GLMM generalised linear mixed model, PLS partial least square, LASSO least absolute shrinkage and selection operator, WGCNA the weighted gene co-expression network analysis, GEM genome-scale metabolic models et al. 2014). In another study, the methylation level of selected colorectal cancer and age-related genes was compared using an unsupervised hierarchical clustering approach between the Fusobacterium-high group and the Fusobacterium-low group in ulcerative colitis patients (Tahara et al. 2017 ). In the same study, genome-wide differential methylation analysis was also conducted in a subset of the original two groups using Student's t test which generates inference with lower power and less stability especially in such small sample size Tahara et al. 2017) . Though both the candidate and genome-scale approaches show the differential methylation status between groups with different microbial abundance, the results require further investigation with larger sample size and more sophisticated analytical method. The drawback of these studies is their relatively small sample size and the microbial species are not investigated at the individual level.
Integrating the metagenome and host transcriptome
To study host transcript-microbe relationships, dimensionality reduction can be performed in both the metagenomic and host transcriptomic data. Similar to the methods used in mGWAS, unsupervised PCA has been used in transcriptome and metagenome integration (Table 1) . In another study, Bayesian factor analysis (FA) was conducted on Moraxella catarrhalis infection-associated gene expression signatures between asthma cases and control samples (Castro-Nallar et al. 2015) . The difference between PCA and FA is that FA also captures the covariance between variables with latent factors (Fig. 2a) (Conti et al. 2014) . Moreover, Bayesian FA allows the incorporation of prior knowledge in the model. Next, correlation-based approaches and regression models have been adopted to investigate host transcript-microbe Fig. 2 Key analytical methods for host-microbiome integration. This figure illustrates the graphical summary of the key analytical methods that have been adopted in the papers mentioned in this review. a Demonstrates the main dimensionality reduction approach which captures the variance/covariance of the high-dimensional data with low dimensional data set. b Explains the univariate and multivariate correlation analysis that has been used. CCA extracts linear combination of each data set separately, which will maximise their correlation. CIA identifies maximum covariance between data sets. PA is mostly used for visualisation of the multi-omics data integration and complement CCA or CIA. c Shows the equation of regression analysis with dependent and independent variables. The diversity matrix, PCs and/or the normalised OUT counts (relative taxa abundance), SNP abundance or genetic risk alleles can be used as dependent or independent variables in the model (X, y in the equation). Z is a random effect that incorporates the relatedness between individuals and also other non-genetic confounders. ε is the error term. f(Z) is the kernel function which is able to model OTU-OTU interaction, non-linear association or incorporate phylogenetic relationship. d Shows the network analysis. The nodes in the network can represent the microbial taxa or microbial genes and host transcripts or metabolites, and the edge shows the relationships (correlations, physical interactions, causal relationships, etc.) between nodes. WGCNA identifies the co-clustered gene sets (modules) for subsequent analysis based on weighted correlations between OTUs, transcripts or metabolites. TransNet network and unsupervised correlation network reconstruct the network based on Gene-OUT Spearman correlation and OTU-OTU pairwise Spearman correlations with/without the incorporation of existing public gene-gene networks. GEM predicts the metabolic potential of multiple microbial species from metabolic reactions and/or enzyme functions annotated from highthroughput metagenomic information based on literature and public databases associations (Table 1) . Other than the univariate correlation analysis mentioned above, some studies employed multivariate correlation methods such as canonical correlation analysis (CCA) (Schwartz et al. 2012) . CCA extracts linear combinations of each data set separately, which will maximise their correlation (Schwartz et al. 2012) . The advantage of this method is that it takes into consideration the underlying multivariate relationship in a data set. However, the underlying assumptions of this method, linear independence and a small number of variables, are often not met in practise.
Regression approaches, such as GLMM, have also been applied to microbial taxa and transcripts with the adjustment to possible confounding factors (Morgan et al. 2015) . One study uses a multivariate linear model to fit the microbiome and host transcriptome data after unsupervised dimensionality reduction in a stepwise way (de Steenhuijsen Piters et al. 2016) . Additionally, sparse and compositionally robust partial least squares regression (CompPLS) has been also used for simultaneous variable selection and multi-omics data integration (Table 1 ) (Ramanan et al. 2016; Zhang et al. 2018) . By adding sparsity into the loading vectors of the projection of the highdimensional data, CompPLS manages to produce easily interpretable results in a computationally efficient way (Chun and Keleş 2010) . Despite the computational intensity, network-based analysis is a valuable tool because it is an effective way to summarise, analyse and visualise the dependency among variables, such as relationships between microbial compositions and gene expressions. Nodes in a network can represent the microbial taxa, microbial genes and host transcripts, and the edge shows the relationships (correlations, physical interactions, causal relationships, etc.) between nodes (Fig. 2d) . In general, a network can be constructed in a data-driven fashion using a variety of data or knowledge-driven approaches. The Weighted Gene Co-expression Network Analysis (WGCNA) is a data-driven method, which discovers the co-clustered gene sets (modules) based on weighted correlations between OTUs or transcripts (Table 1, Fig. 2d ). It has been widely applied in transcriptional data sets to identify gene modules and intra-modular hub genes by pairwise correlation and hierarchical clustering (Fig. 2d) (Langfelder and Horvath 2008) . The eigengenes of the modules can be subsequently used to study the crosstalk between functional transcripts and microbial traits (Molyneaux et al. 2017; Huang et al. 2017) . Hence, WGCNA not only alleviates the multiple testing issue but also detects the responsible transcripts in the informative modules (Langfelder and Horvath 2008) . Another newly developed method called transkingdom network (TransNet) analysis has been used to model host-microbiome interaction. As a knowledge-driven approach, it involves network reconstruction based on the existing public gene-gene network with the integration of Gene-OTU Spearman correlation and OTU-OTU pairwise Spearman correlations (Table 1 , Fig. 2d ) Morgun et al. 2015; Lam et al. 2018) . This method is able to identify specific microbial taxa or even microbial genes affecting host gene expression.
Integrating the metagenome and host metabolome
As a popular approach in host-microbe interaction research, the first step is also dimensionality reduction for both the metagenome and host metabolome. Similar approaches as mentioned above can also be applied in this setting (Nugent et al. 2014; Chong and Xia 2017) .
Univariate correlation, multivariate correlation and regression-based approaches have been applied to the reduced microbial and metabolite features to study the microbemetabolite interactions (Chierico et al. 2017; Zierer et al. 2018) . Apart from the aforementioned multivariate correlation analysis CCA, co-inertia analysis (CIA) and procrustes analysis (PA) have also been adopted in some studies. CIA identifies maximum covariance between data sets from the PCs (McHardy et al. 2013; Hill et al. 2017) . PA is mostly used for visualisation of the multi-omics data integration and complements CCA or CIA (Gower 1975; McHardy et al. 2013) . Even though the multivariate approaches are capable of analysing the interaction between and within data sets, the results are likely to be difficult to interpret.
Additionally, network-based methods have been widely applied to study microbe-metabolite interaction, among which the correlation-based network (WGCNA) and genome-scale metabolic models (GEMs) have been used (McHardy et al. 2013; Pedersen et al. 2016) . In brief, GEMs rely on the metabolic reactions and/or enzymes functions annotated from high-throughput metagenomic information based on literature and database such as the Kyoto Encyclopedia of Genes and Genomes (KEGG) and act as a scaffold in the integration of metabolomics and other omics data (Fig. 2d) (Shoaie et al. 2013) . Thus, a community-scale GEM explores the metabolic potential of multiple microbial species within a community (Larsen et al. 2011; Noecker et al. 2016) . After the construction of GEMs, the competition, mutualism core and connectivity pattern can be calculated based on the topological structure of the GEM (Steinway et al. 2015) . Moreover, a community-wide metabolic potential (CMP) score can be estimated to measure the relative metabolic creation or depletion capacity of a microbial community as well as identify key microbial species in the network (Noecker et al. 2016) . The host-microbe interaction can also be estimated by comparing the predicted and measured metabolomics profiles (Noecker et al. 2016) . Even though these network-based frameworks can incorporate prior biological knowledge and can generate more intuitive results for functional interpretation, they are unable to discover de novo relationships (Chong and Xia 2017) .
Summary and future perspective
In summary, future microbiome analyses that integrate metagenomic data with data generated from the host genome, epigenome, transcriptome and metabolome will be important to uncover the microbiota's role in human health (Nakatsu et al. 2015) . The methods that have been used to integrate host and microbiome data include dimensionality reduction methods, correlation-based approaches, regression-based approaches and network-based approaches. From our review, we note that the methods used to integrate microbiome and different host omics vary depending on the data types. However, except for the metabolic models, the methods used are not exclusive to specific omics data. For instance, WGCNA can also be applied to epigenome-microbiome integration. Similarly, PLS and LASSO can be applied in other host and microbiome data integration. Most of the methods are standard statistical methods and have been developed and used in host omics studies. Hence, more fit-for-purpose analytical methods to combine the high-dimensional data sets are required for future studies.
Moreover, efforts should be made to combine the results from multiple relevant studies to increase the power of inference which might be weak due to a small sample size. Recently, the MiBioGen consortium initiative has been announced to assemble 18 population-based microbiome GWAS (Wang et al. 2018) . A standardised analytical pipeline is also proposed to process both microbiome data set and genotypes in an identical approach. However, such meta-analysis consortium for other host-microbe data integration between different studies is still lacking.
Although dimensionality reduction approaches are used as a preliminary step for downstream analysis and help correct multiple testing due to the high dimension, these methods hinder the interpretability of the results and fail to take advantage of the unbiased and untargeted omics approaches. Thus, machine learning methods such as support vector machines (SVM) can be applied to help the feature selection step to reduce the false positive rate.
Currently, most studies use linear mixed models and correlation-based approaches, which only capture the linear relationship between variables. Future exploration with kernel-based approaches will help us unveil the complex non-linear relationship in host-microbe interaction.
Among all the current methods, network-based analysis is the most biologically interpretable one. A Bayesian network model is another promising approach to model the probabilistic relationship between multiple omics as well as revealing the most probabilistic network from this graphical model (Wang et al. 2013; McGeachie et al. 2016) . A constraintbased model such as flux balance analysis can also be performed to simulate metabolite flow and predict microbial growth but its current utility is still limited to small microbial communities (Chong and Xia 2017) .
The microbiome is a complex component that inhabits the host. Previous studies investigating host-microbiome interaction with multi-omics data are promising and most are healthrelated. Future acquisition of host omics information and metagenome data with larger sample size, together with the development and incorporation of more sophisticated analytical methods, will open opportunities to examine the mechanism of disease progression and facilitate the adoption of personalised medicine.
